Continuous vehicle tracking as well as detecting accidents, are significant services that are needed by many industries including insurance and vehicle rental companies. The main goal of this paper is to provide methods to detect the position of car accident. The models consider GPS/INS-based navigation algorithm, calibration of navigational sensors, a de-nosing method as long as vehicle accident, expressed by a set of raw measurements which are obtained from various environmental sensors. In addition, the location-based accident detection model is tested in different scenarios. The results illustrate that under harsh environments with no GPS signal, location of accident can be detected. Also results confirm that calibration of sensors has an important role in position correction algorithm. Finally, the results present that the proposed accident detection algorithm can recognize accidents and related its positions.
Introduction
In recent years, the rate of vehicle accident fatalities has been one of the main concerns in rural and urban communities. Public Health Agency of Canada (PHAC), has reported more than 2.209 fatalities and 11.451 serious injuries in every year [1] . Car accidents may impose expenses to governments, namely as needed medical treatments, rehabilitation assistance, and property damages.
Such expenses are estimated to be more than one hundred billion dollars per year in Canada [1] .
Vehicle tracking is one of the significant concerns for the insurance and the vehicle rental companies. Monitoring driver's behavior helps develop the pricing solutions based on car usage (PAYD: Pay As You Drive), the driving habits (PHYD: Pay How You Drive) or the area of operation (PWYD: Pay Where You Drive) [2] .
Accuracy requirement of location based services mostly depends on Global
Positioning System (GPS) and global navigation satellite systems (GNSS) to obtain an admitted navigational solution. GPS and GNSS receivers require perfect operating conditions for providing a valid solution. However, these conditions cannot be realized while driving in harsh environments such urban canyons or under dense foliage. Whereas, GNSS and GPS operate affected by Line of Sight (LOS) signal propagation, harsh environments reduce the maximum efficiency of these devices. So we cannot count on them as the all-environment positioning technologies [3] .
Advanced commercial vehicle services-such as car insurance companies need to vanquish the motioned problems of GPS and GNSS to provide higher customer supports. An encouraging solution to achieve a high-precision navigation system, is to fuse the GPS data with low-cost Micro-Electro-Mechanical Systems (MEMS)-based Inertial Measurement Units (IMUs) which are self-governing navigation devices. In fact, an INS/GPS integrated system can provide a state-ofthe-art land navigation system with a superior achievement in comparison with GPS or INS stand-alone. The conventional Extended Kalman Filter (EKF) extensively has been employed to the integration of INS and GPS which can determine the optimal estimation of the system state vector with minimum mean and square errors [4] [5] .
EKF needs to perform under the appropriate defined errors and dynamic models in its initialization process, which requires the consideration of the noise modeling. Therefore, to provide the good performance, EKF requires the good definition on the dynamic process of the system and measurement model based on Gaussian white noises. This paper has designed an EKF-based GPS/INS to have a full coverage in GPS outages.
In EKF-based GPS/INS integration, IMUs can estimate the position and the attitude of the vehicle by employing an Inertial Navigation System (INS) mechanization process (accelerometers and gyroscopes), which is an integration of linear accelerations and angular rates. However, low-cost INSs perform accurately just for a limited time as their positioning and attitudinal errors increase steadily with time. In fact, the inertial sensor errors are generally composed of two components: systematic errors and stochastic errors [6] [7] . These errors, if not dealt with, will have a significant negative impact on the quality of the navigation solution and the accuracy of vehicular tracking output. This paper has developed calibration techniques for reducing low-cost sensors systematic errors using a Powell's Dog Leg Method. The raw data of IMUs have to be exploited in stationary condition, when it is processed with the Powell's Dog Leg as an iterative method for performing the calibration procedures [8] [9]. Considering the stochastic errors, as these errors have High Frequency (HF) term, it is needed to decrease HF term in order to develop the accuracy of the low-cost inertial sensors [10] . Wavelet De-noising Technique (WDT) has been utilized in this paper, due to its significant role in removing the HF noises.
Accident detection technologies are the technologies to trigger and activate Supplemental Restraint System (SRS) like airbags and seatbelts used in different vehicles [11] . This paper proposed to use acceleration and curvature of the moving vehicle as two significant parameters which are obtained by calculation of accelerometers and gyroscopes measurement. As soon as an accident is detected by the accident detection algorithm, the navigation system can reveal the position of the accident.
The paper is organized as following: Section 2 presents the background of the work. Section 3 gives the proposed methodology for the accident detection process. Section 4 presents the experimental results and their analysis in various scenarios. Section 5 presents the conclusions of this paper.
Background
This section presents details on background of techniques and ideas used in this study. More specifically, four main algorithms will be considered in this study: 1) calibration of systematic error of accelerometers and gyroscopes, 2) removing the part of stochastic error in the mentioned sensors by de-nosing techniques, 3) integration of GPS and INS to have a full coverage for navigation system, and 4) detection of accident based on dynamic of the moving vehicle. Algorithms (1) -(3) need more background and details which are presented in this section.
Calibration of Systematic Errors
The systematic errors relate to the calibration parameters comprising the scale factor, misalignment, and bias errors of the sensors. The calibration procedure can characterize and then delete the systematic errors from raw measurements [12] [13] [14] . To remove the systematic error, it is necessary to compare the raw data of IMU with a known reference and then determine the systematic errors which agree with that reference. The accelerometer and gyroscope outputs can be written as:
where, , , Figure 1) . In this paper, "I" index shows the gyroscope with "g" and accelerometers with "a". 
where, lower index (x, y and z) shows the calibration parameters related to x, y and z axes. A in each sub-band. Hence, the minority information of ( )
Wavelet Denoising Technique (WDT)
was contained in HF noise components, which were identified by detailed coef-
GPS/INS Integration Process
Integration of INSs and GPSs through loosely coupled structure, not only maintains independency and redundancy of stand-alone GPS and INS solutions; but The filters in the Figure 3 , are EKFs; which are recognized as the most conventional method to estimate the navigation systems. The derivation of the error model to be applied in the EKF starts with the construction of the full scale true error models, whose order is decided on the complexity of the problem [21] . The error model of the dynamical model includes three errors of position, three errors of velocity, and three errors of attitude, augmented by some sensor error.
INS/GPS integration reduces only the long-term errors with this error model.
Thus, the remaining error budget is mainly affected by short-term error sources [22] . A block diagram of EKF is shown in Figure 4 . 
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Proposed Methods
This paper proposes to combine four independent and complementary solutions into a global accident detection system to provide stable and accurate positioning of car accident even in severe urban environments. The proposed solutionsconsist of compensating the systematic errors of low-cost inertial using Powell's Dog Leg algorithm; augmenting the navigation solution with combined GPS and INS using EKF; and exploiting the inertial sensor to estimate the dynamics of vehicle to extract the accident. Figure 5 shows that how four solutions are combined in this study. This section presents details on these proposed solutions.
Correction Current estimate
Previous estimate 
Calibration of Systematic Errors Wavelet Denoising Technique
GPS/INS Integration Process Accident Detection Location Detection
End Start
Powell's Dog Leg Calibration Method
According to [23] - [29] , it is possible to estimate the sensor real data ( ) i X which is presented in section 2.2.1, by Equations (5) and (6):
It is expected that the measured data is the same as the real data. Then the objective function should be defined to minimize the square error between these values; so, it can be expressed by:
where, A and B are the numbers of the position and the sample of the recorded data, respectively. So, 
GPS/INS EKF-Based Integration
INS mechanization equations based on the mathematical process show the navigational information from the inertial sensor measurements. The model of the motion of the moving vehicle in this paper is presented by Equation (8) [30] [31]:
The attitude of the moving body inside the INS algorithm is obtained by inte- can be calculated by Equation (9) 
Euler angles can be defined as the functions of the matrix 
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where,
x acc and z acc are the magnetometer measurements in x and z axes, respectively. ψ can be calculated by:
where, 
where, The EKF determines the general problem of trying to estimate the state of a discrete time controlled process that is clarified by the linear dynamic model:
with a measurement that is: Figure 7 . GPS/INS integration system used in this study. 
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In reality, the system noise covariance k Q , and measurement noise covariance k R matrices might change with each time step. However, they are assumed to be constant. There are two steps in EKF process. The first step is the prediction of the system model:
and the second step is the measurement update of the system model:
Kalman gain:
Covariance update:
State update:
Accident Detection
Accident detection algorithm in this paper is an algorithm which can decide a low-speed car accident is happened or not. A low speed accident is an accident where, V is the angular velocity of the vehicle and R is radius of the curve. So the curvature of the vehicle can be calculated by division of gyroscope value of z axis to speed of the vehicle to obtain the rotational speed.
We defined two threshold-based filters for acceleration and curvature of vehicle to detect the low-speed accident. Figure 9 presents the flowchart of proposed low-speed accident detection. In first step attends the norm of acceleration in three axes is more than 3.7 m/s 2 and the second step considers the curvature of the vehicle is more than 15 1/m. These threshold values were found based on different tests which are performed using Micro-IBB inside the vehicle in various maneuvers. After detection of collision, the position of the accident will be appeared based on proposed GPS/INS integration navigational system.
Experimental Analysis, Results, and Discussion
The data for analysis of the accident detection was obtained from the wireless Table 1 and Figure 10 present respectively the details of the Micro-iBB and its technical specification, which were used in this paper.
Analysis of Wavelet Denoising Result
When analyzing the signal of accelerometers or gyroscopes, it is important to isolate the stochastic process we want to observe. In fact, Gauss-Markov process occurs at low frequency on the inertial measurements. It is therefore important to filter the raw measurements to eliminate the high-frequency components contained on the signal. In order to do this, this paper proposes the use of a wavelet transform which eliminates the high-frequency noise components while retaining the relevant Gauss-Markov process information. Figure 11 shows the raw measurements from a low-cost accelerometer and gyroscopes before and after the use of a wavelet de-noising technique filter. This figure clearly illustrates the presence of high-frequency noise components on the initial raw signal, partially masking the Gauss-Markov process. Following the wavelet transform, the Figure 11 . Raw measurements accelerometer and gyroscope before and after applied WDT.
high-frequency components are greatly attenuated and the Gauss-Markov process becomes more evident. It is on this filtered signal that the autocorrelation function must be applied so that the characteristic curve obtained is sufficiently defined to be able to extract the different parameters.
Results of Proposed Calibration Method
The calibration algorithm developed in this paper were used to determine the initial calibration parameters of the units shown in Figure 10 The calibration of the accelerometers is based on the observation of the gravity vector which is used as a reference within the algorithm. The theoretical components of this vector are calculated using the gravity model; and are considered to be constant throughout the calibration procedure. In stationary conditions and in the absence of error, the absolute value from the accelerometers should be equal to that of the theoretical gravity vector. However, when the measurements are contaminated, this assumption is no longer valid and the measured standard can be quite different from the reference value. The calibration of the gyroscopes is the same as accelerometers.
The raw measurements from the accelerometers/gyroscopes before and after calibration are shown in Figure 12 . By analyzing these figures, it can be seen that for the low-cost inertial units the absolute value varies significantly according to the orientation of the inertial unit. This behavior results directly from the pres- ence of large scale factor errors and misalignment on the measurements of these IMUs. Also, this figure conform that calibration process can definitely reduce the systematic errors of the accelerometers and gyroscopes measurements.
Calculated parameters of calibration in 5 different test case as long as mean and variance of the estimated parameters of calibration are presented in Table 2 and Table 3 . Table 2 shows that the accelerometer errors are around 7.2 -32.4 mg for bias parameters, around 0.13% -3.9% for scale-factor and misalignment parameters. Table 3 presents the existence of a neglect able bias error around 3.4 × 10 −3 -10.9 × 10 −3 rad/s. These results confirm that the calibration process is inevitable for low-cost sensors.
Results of GPS/INS Integration and Accident Detection
To evaluate the performance of the algorithms carried out in this paper, two different scenarios were developed. For demonstration, the loosely coupled GPS/ (a) (b) Figure 12 . Absolute values before and after calibration for (a) accelerometers and (b) gyroscopes. 
where, H is 
First Scenario: Ideal Environment
The scenario in ideal environment was chosen in order to allow the GPS receiver to obtain optimum visibility throughout the trajectory or to have at least 6 satellites in direct line of sight at all times. This scenario thus provides a control navigation solution for the different algorithms allowing to quantify their performances in an ideal environment. The ideal environment is chosen to show the behaviour of accident detection algorithm regardless of GPS blockage areas. The trajectory was carried out on the Griffintown of Montréal, specifically in the municipalities of Chalet de Mont-Royal. This region is mainly composed of residential districts and is remote from skyscrapers, dense forest areas and any other difficult environment that may disrupt the navigation solution. This trajectory takes around3hours and half of driving considering more than 20 times simulated accident during the trajectory. Figure 15 shows the velocity and differential velocity of the car. As you can see, the speed of the car is less than 20 m/s during the trajectory. This speed was considered in this study, as we need to detect the low-speed accident. Figure 16 shows the acceleration in each axes as long as nom of acceleration during the trajectory. Figure 16 presents that the acceleration in y-axis has the maximum impact to detect the acceleration as it has the maximum value compared to the two other axes. It should be mentioned that the acceleration in z axis is presented regardless of gravity force of Earth. Figure 17 depicts the curvature and differential curvature of the vehicle. As it can show the movement of vehicle after big acceleration detection, it plays critical role in low-speed accident detection. Figure 18 presents the accident detection algorithms based on both acceleration and curvature of the moving vehicle.
According to proposed model in accident detection which is explained in section 3.3 if the absolute value of acceleration is more than 3.7 m/s −2 and curvature of the vehicle is more than 15° an accident is detected. After the accident is detected, the position of the accident reveals on the map. Figure 19 
Conclusion
This paper provided a solution for the analysis and the diagnosis of the car accident and Location-of-collision detection system based on GPS/INS integration.
The solution uses the functions of vehicle dynamics, expressed by a set of raw measurements. These raw measurements are obtained from various sensors.
This solution can characterize the car accident based on the capabilities of intelligent systems. The models consider GPS/INS-based navigation algorithm, calibration of navigational sensors, a de-nosing method as long as vehicle accident.
In addition, the location-based accident detection model is tested in different scenarios. The results illustrate that under harsh environments with no GPS signal, location of accident can be detected. Also results confirm that calibration of sensors has an important role in position correction algorithm. Finally, the results presents that the proposed accident detection algorithm can recognize accidents and related its positions.
